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The article is aimed to represent Armenian automated speech recognition
model and its applications in different fields of economy. Because of the lack of
Armenian speech corpora, in this article we fine-tuned the voice recognition and
text symbol generating parts using a Conformer pre-trained model and a compact
Armenian language model.

The article focuses the attention of readers on the problem of recognizing
human speech and transforming it to a text, especially for non-mainstream
languages.

The paper is prepared with scientific abstraction and a combined analysis of
many recent implementations of the discussed approach. The sources' credibility,
relevance and authenticity have been confirmed by their extensive research.

As to conclude, though it is pretty challenging to develop ASR model for
non-mainstream languages, it was proven that the employment of Conformer-
based transformers in conjunction with language models is effective for Armenian
speech recognition. It was also proven that the technique employed in this article
is applicable for other languages too, with some adjustments.

Keywords: automated speech recognition, conformer, language model, n-grams,
transformers, word error rate, transfer learning, NeMo.

Introduction. For more than 60 years, researchers have been working on
automated speech recognition (ASR). During this period a lot of industrial products have
been made that employed ASR and they was extremally helpful and prevalent for users.
ASR makes machine turn the speech signal to the corresponding text or command after
identifying and processing the voice signal. This process includes the extraction and
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determination of the acoustic feature, the acoustic model, and the language model.
Speech recognition relies heavily on the extraction and assessment of acoustic features.
The extraction and identification of the acoustic feature is both an information
compression and a signal deconvolution operation (Zhongzhi 580-585).

One of the main challenges with ASR is the problem of handling a wide variety of
real-world noise and other acoustic distorting situations. Because of the diversity and
complexity of the voice signal, the current speech recognition system can only be
satisfied based on performance under specified situations or employed in specific
circumstances. In spite of that consumer-oriented applications or products increasingly
require detecting spoken words accurately in real world situations that still remains a
difficulty.

Most of the languages in the world are considered non-mainstream languages
(Precoda 229-243). One of such languages is Armenian, which is mainly used in the
territories of historical Armenia and within Armenian Diaspora. Non-mainstream
languages require large amounts of resources to create speech recognition models or
applications, which, however, can be costly or inaccessible for those languages. One of
the main issues is to collect enough audio data from different speakers which is
necessary for the speech recognition model to understand all the tones of the speech,
because people's voices differ from each other in theme, speed of pronunciation, tone of
voice, etc. The second problem is the phonological diversity of sound data. The large
number of sound phonemes (diphone, triphone, etc.), combined with the diversity of
speakers, leads to the need for thousands of vocabulary expressions, which complicate
the data collection process. The third challenge that is often encountered when working
with less common languages is the lack of online glossaries (with appropriate phonetic
transliterations). And the fourth most common problem is the orthographic and literary
differences of languages.

The development of ASR technology and the use of digital assistants have moved
quickly from cellphones to homes, and their application in fields such as business,
finance, marketing, and healthcare is quickly becoming apparent. Further, we will discuss
some applications of Armenian ASR in economics.

Literature Review. Recently, Transformer and Convolution neural network (CNN)-
based models have outperformed Recurrent neural networks in Automatic Speech
Recognition (ASR) (RNNs). Transformer models excel in capturing content-based global
interactions, whereas CNNs excel at leveraging local characteristics. Gulati (Gulati, et al),
et al. in 2020 integrated convolution neural networks with transformers to describe both
local and global dependencies of an audio sequence in a parameter-efficient manner,
that according to authors gave the best of both techniques. In this context, they proposed
the Conformer convolution-augmented transformer for voice recognition. Conformer
beats prior Transformer and CNN-based models, attaining cutting-edge accuracies.

After the introduction of Conformers, many modifications have been applied to
them. Neural architecture search (NAS) has been effectively employed in image
classification, natural language processing, and automated voice recognition (ASR)
applications to locate state-of-the-art (SOTA) structures rather than those built by
humans. Over validation data, NAS can develop a SOTA and data-specific architecture
using a search algorithm from a pre-defined search space. Inspired by the success of
NAS in ASR tasks, Liu, et al. (Liu, et al.) offer Differentiable Architecture Search, a NAS-
based ASR framework with one search space and one differentiable search algorithm
(DARTS). The search space described in the article is built on the backbone of a
convolution-augmented transformer (Conformer), which is a more expressive ASR
architecture than those utilized in other NAS-based ASR frameworks. On the widely
known Mandarin benchmark AISHELL-1, the best-searched architecture greatly
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outperforms the baseline Conform model with an 11 percent character error rate (CER)
relative improvement.

The utilization of a competitive conformer-based hybrid ASR (Zeineldeen, et al.
7437-7441) has been also shown to be very effective. After employing several
approaches for lowering WER and increasing training speed, Zeineldeen, et al. used
temporal down-sampling methods for efficient training and transposed convolutions to up-
sample the output sequence again. This technique generalizes very well on the
Switchboard 300h test set Hub5'01 and outperforms the BLSTM-based hybrid model
significantly.

In 2022 Yang, et al. (Yang, et al.) proposed a Conformer-based acoustic model for
robust ASR that was developed and tested on the CHIME4 challenge's monaural task.
Their suggested model obtains 6.25 percent word error rate (WER) on real test data
when combined with utterance-wise normalization and iterative speaker adaption, beating
the previous best system by 8.4 percent approximately. Furthermore, as compared to the
baseline system, the suggested model has an 18.3 percent lower model size and
requires 79.6 percent less training time. They fixed the number of Conformer encoder
blocks in the proposed system at two, as experiments with extra encoder blocks yield no
better results.

Several companies/individuals have taken up the issue of developing an Armenian
ASR. Google's speech-to-text recognition added 21 languages in 2017, bringing the total
number of supported languages to 119, with Armenian being one of them. It is available
through the Cloud Speech API. In 2018, Ucom created an artificial intelligence-based
automated Armenian speech-to-text system. ICAN Development Company began work
on the Armenian NeuroNetwork project in 2019.

Dataset. The main dataset used in training the ASR model for Armenian language
is audio and text data collected from about 40 historical Armenian stories. We gave the
naming "Stories-15" to that dataset. The number “15” in the naming of the dataset
represents actual duration of annotated audio data. The length of the annotations varies
from 1 second to 20 seconds. Annotations with different lengths allow more accurate
understanding of sounds, since same words (same phonemes) appear in different
contexts with different pronunciation. The "Stories-15" database contains recordings of 12
speakers, 9 of which are recordings for men (approximately 9 hours and 20 minutes) and
3 for women (approximately 5 hours and 45 minutes). The “Stories-15” include
translations of foreign literature as well as various works by famous Armenian writers.

We also used some audio data from Mozilla Common Voice®, that provides open-
source data to improve voice recognition techniques for many languages. In April 2022
the latest version of Common Voice was released: "Mozilla Common Voice 9.0". The size
of the Armenian dataset is 90 MB, duration is 4 hours, the count of readers is 60, but we
used only half of that data as it was validated.

Summing all up: the whole dataset (“Stories-15" + Mozilla Common Voice) duration
is 17 hours, the 16 of which is used for training the model, 0.5 hour for validation and 0.5
hour for test.

ASR Model. To develop Armenian ASR here we employ Conformer-CTC-Medium
model for English automatic speech recognition, trained on NeMo ASRSETZ.This
collection comprises Conformer-CTC medium size versions (about 30M parameters)
trained on NeMo ASRSet with around 16000 hours of English speech. The model
transcribes speech using the lowercase English alphabet, spaces, and apostrophes.
Since phonetic structure of Armenian and English is similar, we decided to employ the

! Mozilla Common Voice - https://commonvoice.mozilla.org/en/datasets
2 STT En Conformer-CTC Medium
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abovementioned model. Conformer-CTC model for automatic speech recognition is a
non-autoregressive variation of the Conformer model described earlier in this article that
employs CTC' loss/decoding instead of Transducer. Also, SpecAugment (Park, et al.) and
SpecCutout is employed for model training. SpecAugment is a straightforward data
augmentation technique for voice recognition. It is applied directly to a neural network's
feature inputs (i.e., filter bank coefficients). Warping the features, masking blocks of
frequency channels, and masking blocks of time steps comprise the augmentation
strategy. Regarding SpecCutout (DeVries and Taylor), the authors demonstrate how a
basic regularization approach known as cutout, which involves randomly cutting out
square portions of input during training, may be utilized to increase the resilience and
overall performance of convolutional neural networks. Not only is this approach simple to
implement, but we also show how it may be used in conjunction with existing kinds of
data augmentation and other regularizers to boost model performance even further.
Results. After freezing the first 14 blocks of Conformer and employing
SpecAugment and SpecCutout, we have trained the Armenian ASR model on the resting

blocks with fine-tuning. As an evaluation metric WER? was used.
Table 1. Model results

WER - Word Error rate without LM | with LM

Comformer-medium-english + Freezed first 14 blocks

+ SpecAugment + SpecCutout + 0.68 0.369

As shown in Table 1, the word error rate for just pure Conformer-CTC model
without any language model is 68 percent when with 10-gram language model we are
able to get 37 percent. Here we used Bye Pair Encoding to build a subword language
model for Armenian. As a result, we obtained a compact (100 MB) subword language
model trained on massive Armenian corpora.

Applications of ASR. To give the reader an idea of what to expect from the ASR
technology, here we will show some applications in business and marketing.

The banking and financial industries aim to employ voice recognition to eliminate
consumer friction. Voice-activated banking has the potential to significantly reduce the
requirement for human customer support while also lowering personnel expenses. In
result, a personalized financial assistant might increase consumer satisfaction and
loyalty. With the help of speech recognition in banking one can:

e Without having to unlock a phone, get information about user's balance,
transactions, and spending patterns.

e Make payments

¢ Get details about transaction history.

In marketing, voice-search has the potential to change the way marketers
communicate with their customers. Marketers should watch for growing trends in user
data and behavior as people's interactions with their gadgets evolve. With voice
recognition, marketers will have access to a new form of data to analyze. Accents,
speech patterns, and vocabulary can be used to assess a consumer's location, age, and
other demographic information, such as cultural affinity. As for behavioral analysis of
customers, marketers may need to focus on long-tail keywords and create conversational
content, since speaking allows for longer, more conversational searches.

! Connectionist Temporal Classification - https://distill.pub/2017/ctc/

2 Word Error Rate (WER) is a metric that measures how accurate an Automatic Speech
Recognition (ASR) system is. It calculates the number of "errors" in the transcription text produced
by an ASR system when compared to a human transcription.
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Conclusion. As to conclude in this paper we represent Armenian ASR model. The
state-of-the-art Conformer transformer was chosen as a basis of that model that is trained on
audio book and Mozilla Common Voice data. In conjunction with SpecAugment and
SpecCutout augmentation techniques, our best model yields 68 percent word error rate. With
the employment of 10-gram language model that was trained on massive Armenian corpora
we were able to better the performance of the model and get 37 percent word rate error. It is
also planned to enlarge the Armenian speech corpora for further development of Armenian
ASR.
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Anndwop Lwywwwy nluh hwupnipjwup  UGpyuwjwgut) funuph  wyunndwnwgywd
dwluwsdwl UnnGn hwjGptuh hwdwn W wyn Unntih Yhpwnneeintup inunbuncpjwu tnwpptn
ninpuutpnud: 3w)tptu funuph LYjwubph pwqwh pwgwywnLjwl wywwndwnny hnnjwdnid
Ywuwnwnbugnpsty Gup dwjuh dwlwsdwl W inbpuwnh uhdynutph gGuGpuwgdwu UnnGubpp
oginwgnpdtiny Conformer Uwpuwwbu «Jwndtgdwd» dnnGp W hwyGpbuh  hwdwn
uinbndywd Yndwwywn Gguh Unnbp (LM):
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3Annwdl  pupbtngnnutph  nwnpnueyntup YGunpnuwgunwd £ JwpnnL  funuph
dwlwedwl W funupp wnbpuinh dGpwsdtine puunph dpw, hwwnywwbu phy nwnpwdywd
lGgnLuGph hwdwin:

Annwdp 2wpwnpwd £ ghrnwywl JGpwgwpydwlu W pulwpywd  dninbgdwu
dGpohu  Yphpwnnieynilutph hwdwygywséd  Jepinwdnigjwt hhdwu  Jpw:  UnpynLpubph
wnpdwUwhwywwnnrpintup, hwdwwwunwupuwlniejniup b wpnhwywuncpyniup unneqyt) Gu
gnwywuncpjwl jwjuwbdwdw) hGnwagnwniejnluutph pupwgpnLd:

Ggphwywgnipntuu wju £, pble pwjwywuhu nddwp E funuph wyunndwunwgywd
JnnGh Jawynudp phy tnwpwdywd |Ggniutph hwdwn, uwywju hnnjwénd wwwgnigyti £, np
Conformer-h ypw hhdujws wnpwludpnpdbp-dnnGiubph ogunwagnnpénidp |Gquh UnnGuGph hbwn
hwdwuwnbn wprynibwytbun £ hwtGptu fjunuph dwbwydwu hwdwn: Lwle wwwgnigdt) E, np
wju hnnwénud Yyphpwndwd dbpnnp Yhpwnbih £ Uwl wy |Ggniubph hwdwp® npn2wyh
62gnpunnudutnny:

Shduwpwntp® funupp wyinndwinwgywé dwlwsnid, Unudnnpdtn, |tqyh unnbj, N-
qnwd, innwbudpnndbnubn, pwnh ufuwih dwlwnpnwly, thnfuwlgynn ncuncgned, NeMo:

ABTOMATUYECKOE PACMNO3HABAHUE PEYU
HA APMAHCKOM A3bIKE HA OCHOBE KOH®OPMEPOB

OABUO KAPAMAH
acnupaHm KagheOpbl MamemMamuyecko2o Modesiupo8aHuUsl, 8bI4UCIUMEbHbIX
mMemodo8 u npoepaMMHbIX KOMII/IeKC08 haKynbmema UHghopMamuKu u
8blquciumenbHbIU mexHuku Pocculicko-ApMsIHCKO20 yHU8epcumema,
2. EpesaH, Pecnybnuka ApmeHusi

TUTPAH KAPAMAH
npenodasamerib U acrnupaHm kagedpbl MameMamuyecko2o MooesuposaHusi
8 9KOHOMUKe (hbaKyrnbmema 3KOHOMUKU U ¢hUHaHCco8
EpesaHckoz20o 2ocydapcmeeHHO20 yHU8epcumema,
2. EpesaH, Pecnybnuka ApmeHusi

Lenb cTatbu - npeacTaBuTb mMogenb pacno3HaBaHus apMsIHCKOM
aBTOMAaTMU3UPOBAHHOW peyYn U ee MPUMEHEHUS B PasfuyHbIX cdepax IKOHOMUKM. W3-3a
OTCYTCTBUS apMSIHCKMX PEYEBbIX [daHHbIX B 3TOW CcTaTbe Mbl Aopabotanu 4vactu
pacno3HaBaHUsA rofioca M reHepaumy TEKCTOBbIX CUMBOJIOB, MCMONb3yA npensaputerisHO
06y4eHHyto mogenb KoHdopmep 1 KOMNakTHY0 MOAENb apMSIHCKOTO S3blKa.

CraTbs akueHTMpyeT BHMMaHMe Ha npobneme pacnosHaBaHWs YenoBeYeCcKon peyn u
npeobpa3oBaHns ee B TEKCT, OCOBEHHO Ansi HEOCHOBHbIX S13bIKOB.

CraTba nogroToBneHa C WCMONb3oBaHWeM MeToda HayvyHow abcTpakumm wn
KOMOVMHMPOBaHHbIM aHanNM30M MHOIMMX MOCneaHUX MEeTOAOB peanu3aumm obCyxaaemoro
noaxoga. HagexHoCTb, akTyanbHOCTb W MNOAMMHHOCTb WCTOMHUKOB MOATBEPXKOEHbI UX
06BbEMHBIMY UCCEN0BAHUSAMM.

B xoge vccnegoBaHUS Mbl MPULLNKM K 3aKIHOYEHUIO, YTO, XOTA pa3paboTaTb Moaernb
pacno3HaBaHUs peyn Ansi HEOCHOBHBLIX SI3bIKOB [OBOJSIBHO CIIOXHO, ObINO AoKasaHo, 4To
ucnonb3oBaHue npeobpasoBaTtenen Ha ocHoBe KoHdopMepoB B coveTaHuMM C S3bIKOBbIMU
mMoaensiMm addEKTUBHO ANsl pacno3HaBaHWsi apMSHCKOW pedn. Takke Obino foKasaHo, YTo
MeTOAMKa, UCNOoSb30BaHHasA B 3TON cTaTbe, NPUMEHNMA 1 AN ApYrux s3blKOB, C HEKOTOPbLIMU
KOpPPEKTUPOBKaMU.

KnioueBble crnoBa: asmomamuyecKkoe pacrio3HasaHue peyu, KOHopmMep, s3bikogasi
molesib, n-epamMmbi, mpaHcghopmeps!, rpoueHm owubok e crioge, mpaHcgepHoe obyyeHue,
NeMo.
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